INTRODUCTION
There is a growing body of literature that investigates trends in the skill content of jobs in developed and developing countries. One of the main findings of this literature is that jobs are becoming less intensive in routine tasks across the world. This phenomenon is associated with a host of negative outcomes, including lower earnings and job opportunities for workers with routine skills and increasing wage inequality (Autor et al., 2006; Goos, Manning, and Salomons, 2009; Bussolo, Torre, and Winkler, 2018 ).
To estimate the task content of jobs, most studies rely on measures tailored for the US economy, where occupations are ranked by the tasks they typically require. These occupation-level measures are then applied to other countries under the assumption that the task content of occupations is the same as in the United States (see, for example, Apella and Zunino, 2018; Arias et al., 2014) . This is a strong assumption, considering that jobs may require different skill sets across countries. For instance, manufacturing jobs in developed countries may be more intensive in routine manual tasks if the production technology is more capital intensive than in developing countries, where such jobs may be more intensive in non-routine manual tasks. This paper is not based on this strong assumption. We use skill surveys from developing countries -i.e. the Skills Toward Employability and Productivity (STEP) surveys -to create indicators of the task content of jobs comparable to those based on O*NET for the US. 1 We find that both sets of measures are consistent regarding the relative non-routine cognitive (i.e. non-routine analytical and non-routine interpersonal tasks) and routine manual task content of jobs across countries and over time. However, occupations relatively more intensive in routine cognitive and non-routine manual tasks are not necessarily the same according to O*NET and STEP. This implies that the estimated trends in the task content of jobs will depend on whether the O*NET or STEP measures are used. In fact, while according to the O*NET indicators only one developing country in our sample shows evidence of job de-routinization, all the countries with sufficiently long-time coverage experience such phenomenon according to the STEP indicators.
This research also contributes to the literature on the drivers of the skill content of jobs by using the World Bank's International Income Distribution Dataset (I2D2). I2D2 covers more than 150 countries and several years of household survey data. By applying the skill-intensity measures to each occupation, we estimate cross-country regressions and find that the positive correlation between economic development and the intensity of jobs in non-routine cognitive skills weakens or disappears once other factors are accounted for. ICT adoption is consistently correlated with job de-routinization. The magnitudes of the estimated coefficients are also economically significant: An increase of 50 percentage points in internet penetration -roughly the increase experienced by developing countries since the early 1990s -is associated with a decline in the routine cognitive intensity of jobs equivalent to 42 percent of the decline in this measure experienced by Ghana since the 1990s. Higher levels of exports, in contrast, are accompanied by an increasing routinization of the labor market. These findings are robust to several specifications.
Interaction terms suggest that ICT adoption coupled with high population growth -the demographic dividend -seem to be stronger predictors of the increase in the share of jobs intensive in non-routine cognitive skills. We also find that the change in the demand for skills associated with ICT is linked to labor market disruptions. ICT adoption is followed by lower employment growth in countries with a higher share of routine jobs, which are more susceptible to being replaced by this technology.
The rest of this paper is structured as follows. Section 2 contains a review of the literature and discusses the contribution of this paper. Section 3 describes the data, while Section 4 presents the methodology and the estimated trends in the skill content of jobs. Section 5 investigates the drivers of the skill content of jobs across countries, while Section 6 estimates the impacts of ICT adoption on employment. Finally, Section 7 concludes.
LITERATURE REVIEW
While the canonical model assumes a one-to-one link between skills and tasks, there is a rising body of literature that emphasizes the distinction between these two concepts. In particular, while a task is a unit of work activity that produces output, skills are the workers' endowments of capabilities to perform several tasks (Acemoglu and Autor, 2011) . Since the seminal work of Autor, Levy, and Murnane (2003) , there has been a steady increase in the number of articles studying the task content of jobs. For example, and Goos, Manning, and Salomons (2009) document the process of employment and wage polarization affecting labor markets in the US and Europe since the 1980s and 1990s. This process is characterized by job and wage growth being higher at the tails of the skill and wage distribution than at the middle. They argue that new technologies that allowed the automation of routine jobs (which tend to be in the middle of the wage distribution) and increased the demand for non-routine tasks (which tend to be at the top and bottom of the wage distribution) fostered this process.
There is also a growing and large body of research on the task content of jobs in developing countries. Even for developing countries, these studies use US-based skill measures such as the O*NET or other broader occupational categories. Using a broad occupational classification, World Bank (2016) shows that labor market de-routinization is pervasive in the developing world. In comparison, studies that used more detailed data on skills show a more nuanced picture. Hardy, Keister, and Lewandowski (2016) find that in contrast to the US, jobs that are intensive in middle-skill, routine, cognitive tasks increased in most Central and Eastern European countries. They also find that improvements in educational attainment and a decline in the share of agricultural jobs, rather than technology, were the main drivers of these changes. Accordingly, Apella and Zunino (2017) find that the evolution of the skill content of jobs in Argentina and Uruguay was more similar to that of Central and Eastern European countries than to that of rich countries. Maloney and Molina (2016) use the same aggregate classification of World Bank (2016) and find that only in two, out of twenty-one, developing countries there is evidence of labor market de-routinization. Aedo et al. (2013) estimate trends for 30 countries at different stages of development and find that the share of jobs intensive in non-routine, cognitive tasks is higher in richer countries.
To our knowledge, there are only three studies that use data on the task content of occupations from developing countries instead of relying on data from the US. Dicarlo et al. (2016) use data from STEP surveys to determine if the skill content of jobs is different from that suggested by US-based skill surveys. Messina, Pica, and Oviedo (2014) analyze trends in the task content of jobs in four Latin American countries but do not investigate the drivers of such trends. Finally, Hardy et al. (2018) investigate the task content of jobs using country-specific skills surveys for 46 economies, mostly in the developed world. They analyze if the findings are different from those obtained when using US data from O*NET and investigate the drivers of the heterogeneity in the skill content of jobs across countries but not over time. They find that ICT capital intensity, robot use and the position of the country in the global value chain (i.e. a high share of foreign value added in the production of final goods and services) are negatively correlated with the share of routine jobs.
This research contributes to this literature by analyzing trends in the skill content of jobs and their drivers, as well as the consequences for employment creation in developing economies. The use of multiple survey years per country allows us to increase the number of observations substantially, and thereby to increase the precision of our estimates in a cross-country regression setting and to control for unobserved heterogeneity across countries.
DATA
The empirical parameters are estimated using several data sets. First, it relies on the STEP surveys to measure the task content of jobs. In addition to socio-economic, demographic, employment, education and family background information, the surveys contain a series of harmonized questions on specific tasks that the respondent uses in his or her job. We use the STEP surveys for 11 developing countries (Armenia, Bolivia, Colombia, Georgia, Ghana, FYR Macedonia, Philippines, Serbia, Sri Lanka, Ukraine and Vietnam), collected between 2012 and 2016.
2 These surveys are representative of the working age population in urban areas. While it collects information on all individuals in the household, it randomly selects an individual between 15 to 64 years old to answer the complete questionnaire, which includes detailed employment and skills questions.
This research is also based on data from the International Income Distribution Data Set (I2D2). The I2D2 is a data set of harmonized household surveys which are comparable across countries and time. It currently covers more than 150 countries and has more than 1,000 surveys. The time coverage goes from 1960 until 2016, but it varies by country. Appendix 1 shows the country and time coverage of the sample used in this paper, which excludes the pre-1990 samples. Finally, we use several variables from the World Development Indicators (WDI), including GDP per capita PPP (both growth and level), ICT users (as a share of total population), population by age, exports and imports (both as a share of GDP).
METHODOLOGY
To estimate our skill indexes, we first construct a conceptual link between tasks and skill categories following the same approach used by Autor, Levy, and Murnane (2003) , Autor (2011), Handel (2012) , Spitz-Oener (2006) and several other studies.
Within this approach, two main methods can be distinguished in the literature. The first one relies on occupational level task indexes estimated by experts, who rank occupations based on worker interviews. The O*NET data set is the outcome of such analysis for the US economy, with 44 different scores being assigned to each detailed level occupation. The second approach, instead, relies on direct worker-level information on the specific tasks performed on the job. It was pioneered by Handel (2008) , who developed and used the STAMP survey (that later became the PDII), for the US. This approach allows observation of the tasks at a more disaggregated level, making within-occupation analyses possible. Our methodology falls into this second category, as we employ task information at the worker-level, exploiting the STEP surveys for several developing countries. As our objective is to compare our findings with the counterfactual results that one would obtain using the US classifications, we employ two different specifications, each of which as close as possible to the O*NET and to the PDII specifications, respectively. Since the results using the PDII specification lead to similar conclusions to the ones we obtain using the O*NET one, we only discuss the latter because it provides a greater disaggregation of skill groups (5 vs. 3 categories).
The O*NET specification refers back to the study of Autor, Levy, and Murnane (2003) . This specification uses 5 different skill categories: Non-Routine Analytical, Non-Routine Interpersonal, Routine Cognitive, Routine Manual, Non-Routine Manual. In the original work of Autor et al. (2003) , they make a map between DOT (the predecessor of O*NET) variables and these five skill brackets, with a single variable eliciting the information for each of them. In general, the five indexes measure the following:
• Non-routine cognitive analytical tasks (analytic reasoning skills).
• Non-routine cognitive interpersonal tasks (interactive, communication and managerial skills).
• Routine cognitive tasks (adaptability to work requiring limits, tolerances or standards).
• Routine manual tasks (repetitive physical movements).
• Non-routine manual tasks (physical movements requiring adaptability and dexterity).
Given that the O*NET is based on variables that are specific for the US, and such classification has not been repeated in developing countries, matching it using STEP surveys is not straightforward. We select the STEP variables which provide a good approximation for each of the five skill groups. The list of variables chosen to mimic the O*NET structure are reported in Table 1. Regarding non-routine analytical skills, we select three STEP variables to measure the task "Analyzing data/information": 1) "Number of types of document typically read"; 2) "Length of longest document typically read" , and; 3) "Number of math tasks performed". We use one variable to measure the task "Thinking creatively", namely "How often the job requires thinking for at least 30 minutes".
With regards to non-routine interpersonal skills, the task "Guiding subordinates" is elicited by a dummy variable capturing whether the job involves supervising co-workers. "Establishing personal relationships" is proxied by using the variable "How important interaction with people other than co-workers is".
To estimate the routine cognitive content of jobs, we use three STEP variables: 1) "How often your work involves learning new things" (mapped to the O*NET task "Importance of repeating the same task" (inverse)); 2) "How much autonomy you have in your work" (mapped to "Structured vs. unstructured work"), and; 3) "How repetitive your work is" (mapped to "Importance of repeating the same task").
The routine manual content of jobs is estimated using the following variables: 1) a binary outcome capturing whether the work involves operating machines (mapped to "Controlling machines and processes", and; 2) a categorical variable measuring the how physically demanding the work is. Finally, the non-routine manual content of jobs is approximated using two dummy variables: 1) "Does the job involve driving?" ("Operating vehicles"), and; 2) "Does the job involve repairing items/instruments?" ("Control/Feel objects"; "Manual dexterity"). To construct the indexes using STEP, each variable is standardized over the entire population of the pooled STEP surveys for all countries, where all countries are equally weighted. We then sum up all standardized variables, constructing a skill index which varies at the worker-level. For instance, for the non-routine manual category, we construct a skill index that is the sum of the two standardized components ("Operating Vehicles" and "Control/Feel Objects; Manual dexterity"). These skill indexes are standardized over the entire distribution, using the sampling weights. Finally, the indexes are collapsed at the occupational level (1-digit), using again the sampling weights. These occupation-specific indexes are calculated both for the pooled STEP sample and for each specific STEP country. The final skill indexes vary at the level of occupations, with a scale that depends on the underlying distribution. For the sake of concreteness, a 1-unit differential across occupations in a given skill is interpreted as 1 standard deviation of the whole distribution of that skill among the employed workforce of all STEP countries. When applying these indexes to other developing countries that do not have a STEP survey, we use those calculated for the pooled sample (i.e. not the country-specific ones).
Using the STEP surveys to measure skills, rather than relying on O*NET, has the obvious advantage that it allows us to investigate whether the skill content of jobs differs across countries. Given that we can independently estimate occupation-specific skill indexes, we do not need to assume that different countries use the same technology or have the same labor force. Nonetheless, a couple of caveats need to be made: first, the mapping between tasks in the STEP variables and skills is not trivial; second, we need to assume that workers do not differ in their way of reporting the tasks performed at work (which may be problematic in the case of subjective opinions); and third, by excluding rural areas, the sample underrepresents the agricultural sector, which represents a significant fraction of employment in the developing world.
Our analysis is based on the ISCO-08 occupational classification at the 1-digit level. We do not use a higher level of disaggregation for two reasons. First, because for most of the countries covered in STEP surveys, the sample size is not large enough to make reliable inferences using more detailed occupations, as many of the cells would contain very few observations or be empty. Second, since the second goal of this paper is to make comparisons across countries and across time, it is not feasible to harmonize the occupational classifications for all the household surveys (which are around 600 in this study). This is because in addition to changes in the ISCO over time, many countries use their own-specific occupational categories that are difficult to map to ISCO at finer disaggregation levels. Appendix 3 shows that while the level of aggregation may affect the estimation of the routine cognitive content of jobs using O*NET, it does not seem to lead to different conclusions for the other four skill categories. Figure 1 and Figure 2 display the relationship between the task content of jobs and the level of GDP per capita across countries included in the STEP sample, using the STEP-and US-based indexes, respectively. Both sets of indexes show similar patterns regarding the link between economic development and the content of non-routine cognitive skills. In particular, countries with higher levels of GDP per capita tend to have jobs with a higher content of non-routine cognitive skills. Both methodologies also suggest that GDP per capita is negatively correlated with the intensity of routine manual skills. In contrast, there are important differences with regards to the intensity of jobs in routine cognitive and non-routine manual tasks. US-based measures suggest that the intensity of jobs in routine cognitive tasks increases with economic development, and that the opposite is true for the intensity of jobs in routine manual tasks. However, STEP-based measures of non-routine tasks increase with economic development, and both routine manual and routine cognitive tasks decline with economic development. When looking at the total changes in the task content of jobs in all 11 countries, there are certain differences across countries and some key stylized facts emerge. In most countries, US-and STEP-based indexes show an increase in the non-routine cognitive content of jobs and a decline in the routine intensity ( Figure 3 ). However, while the non-routine manual content of jobs increased in seven countries according to the STEP-based indexes, only three countries experienced such increase according to the O*NET-based index. Moreover, in the countries where this index declined according to both measures (as in the Philippines, Serbia and Ukraine), the decline was smaller in magnitude according to the STEP-based index than according to the O*NET-based one. In summary, O*NET-and STEP-based measures generate similar results in terms of the stock and changes in the non-routine cognitive, as well as in the routine manual task content of jobs. They are also in general consistent with regards to changes in the routine cognitive task content of jobs, both in levels and trends. In contrast, they generate opposite results with regards to the non-routine manual content (both in levels and trends) and the routine cognitive content (in levels) of jobs.
WHAT DRIVES THE SKILL CONTENT OF JOBS ACROSS COUNTRIES?

EXTENDING THE SAMPLE TO OTHER COUNTRIES
This section explores the drivers of the changing skill content of jobs by assigning the task content of each occupation estimated using the STEP surveys and O*NET, to the corresponding occupations in the I2D2 data set. We exclude the agricultural sector and agricultural workers from the I2D2 data set since they are under-represented in the STEP surveys.
This exercise relies on the assumption that the task content of occupations of developing countries not covered by STEP surveys is similar to that of those with a STEP survey. While the data do not allow to test this assumption, we proceed by first checking if the basic correlations between the skill indexes and the level of GDP per capita still hold for the extended sample. Figure 4 and Figure 5 show the correlation of the skill content of jobs with the level of economic development, using the O*NET-and STEP-based methodology, respectively. The patterns are very similar to those of Figure 1 and Figure 2 , respectively. The non-routine cognitive and interpersonal task intensity tends to increase with the level of GDP per capita, while routine manual task intensity tends to decline. Accordingly, the non-routine manual content tends to increase with GDP per capita according to the STEPbased indexes, while the opposite is true for O*NET-based ones. While according to the O*NET-based index the routine cognitive intensity increases with the level of development, it declines when using the STEP-based indexes, which is more consistent with the findings for developed countries and the prediction that new technologies are more likely to displace this type of occupations. Since poorer countries are more likely to have a skill content of jobs more similar to that of other poorer countries than to that of the US, these correlations suggest that using STEP-based indexes provides more accurate estimates of the skill content of jobs for developing countries than US-based ones. When looking at changes over time, both measures show the same patterns with regards to the nonroutine cognitive, non-routine interpersonal and routine manual task content of jobs (Figure 6 .) The correlation is also positive, but considerably smaller, for the routine cognitive task content of jobs. However, O*NET and STEP measures do not necessarily lead to the same conclusions regarding the evolution of the non-routine manual content of jobs over time, since the correlation coefficient is relatively low. 
Correlation between STEP-and O*NET-based Changes in the Skill Content of Jobs, Extended Sample
Note: Sample includes 104 countries that are assigned, alternatively, the skills scores of the pooled STEP country and O*NET. Changes are computed over the first and last year of each country in the sample. The changes are rescaled by the length of the time covered, so that they can be interpreted as yearly changes. Each bar is the value of the Spearman correlation coefficient.
EMPIRICAL MODEL
To further understand the drivers of the skill content of jobs, we use a labor supply and demand framework (Table 2) . We argue that changes in labor supply such as educational upgrading, increasing female labor force participation and the demographic transition could affect the skill content of jobs in the economy. The secular increase in educational attainment in developing countries could be one of the factors behind the rise of jobs intensive in non-routine cognitive skills, and the fall of low-skill jobs. The increasing participation of women in the labor force may also be an important driver if they are more likely to have jobs that are not intensive in physical work. Finally, the changing age structure may affect the skill content of jobs through different channels. First, aging societies may be more likely to incorporate labor-saving technologies (Acemoglu and Restrepo (2018) ), and thereby more likely to experience a decline in job routinization. Second, a higher share of the elderly in the population may also increase the demand for certain types of goods or services that may be more intensive in non-routine manual tasks, such as the care industry. Third, given that lifelong learning institutions are not widespread in most developing countries, skills tend to be acquired through formal education before young people enter the labor market. Thereby, larger young cohorts would contribute disproportionately to the stock of skills in the labor force.
The changing skill content of jobs may also reflect changes in the demand for labor, or the stage of economic development. As countries become richer, their bundle of consumption goods and services typically changes (Seale and Regmi (2006) ). When firms upgrade the quality of their products and production processes, this may increase the demand for non-routine cognitive skills (Bresnahan, Brynjolfsson, and Hitt (2002) ). The skill content of jobs may also depend on the stage of the business cycle (Foote and Ryan (2015) ).
The structure of the economy can shape the type of skills that are more demanded in the labor market. For example, the emergence of the high school movement was in part a response to the decline of the agricultural sector and the rise of manufacturing (Autor (2015) ). Bárány and Siegel (2018) argue that the process of job polarization is not a recent phenomenon, but it has been taking place since the 1950s and it is connected to the transition from manufacturing to services. This is because manufacturing jobs tend to be in the middle of the distribution, thereby an increase in the sector's productivity implies that workers reallocate to both low-and high-skilled services through changes in the demand and supply of labor.
Last, but not least, technology and trade are likely the two potential drivers that received most of the scrutiny in the empirical literature. New technologies may lead to rapid decline in the demand for routine labor, and an increase in the demand for non-routine labor (see, for instance, Acemoglu and Autor (2011)). Increasing exports may in contrast increase the demand for routine labor, since the tradeable sector is typically more intensive in this type of labor (Marcolin, Miroudot, and Squicciarini (2016) ). An increase in imports through offshoring may reduce the demand for routine labor. Table 3 shows some descriptive statistics for these covariates, while Appendix A1 displays the country-year coverage of the sample. Note: each figure is the average change between each country's first and last year in the sample, divided by the length of the period (in years).
We estimate the following equation:
Where stands for each of the five tasks considered, namely non-routine analytical, non-routine interpersonal, routine cognitive, routine manual and non-routine manual. Equation (1) estimates annual changes in the skill content of jobs as a function of annual changes in labor demand (∆ , , −1 ) and labor supply (∆ , , −1 ) factors. The term , is a control variable that captures unobserved heterogeneity across observations, by using an interaction of four dummy variables indicating the level of income of the country with year dummy variables. 4 This set of dummy variables controls for different non-parametric trends in the skill content of jobs across broad levels of income. We also control for the lagged level of GDP per capita to account for different linear trends in the skill content of jobs by level of economic development. The sample is an unbalanced panel of countries with annual frequency (see Appendix 1).
RESULTS
We estimate equation (1) applying, alternatively, the skill scores based on O*NET and the average STEP indexes from the pooled sample to all the countries. In addition to including GDP in first differences to capture economic growth, we include the lagged level of GDP to capture different trends in the skill content of jobs by level of economic development.
In general, the results in Table 4 show that the association between GDP per capita and the skill content of jobs is weak once we control for unobserved heterogeneity across countries, time trends and timevariant country characteristics, in contrast to the strong link found when using cross-sectional data. There is no association between non-routine cognitive skills and GDP growth or levels. The link between GDP growth and the routine cognitive and non-routine manual skill content of jobs is significant only when 4 We use the World Bank income level classification. using O*NET measures but vanishes when using STEP-based indexes. Only the routine manual skill content of jobs has a significant and positive link with GDP growth, a finding consistent with occupations intensive in routine manual tasks being concentrated in more volatile industries over the business cycle (Foote and Ryan, 2015) .
There are some common patterns between the estimated coefficients associated with the rest of the covariates using the STEP-and O*NET-based measures. First, an increase in internet penetration is associated with an increase in the non-routine cognitive skills content of jobs and with a decline in the routine manual and cognitive content of jobs. An increase in the exports share of GDP is associated with a decline in the non-routine cognitive skills content of jobs, and with an increase in the routine content of jobs.
Some differences between both sets of skill measures emerge, particularly regarding the drivers of the routine cognitive and the non-routine manual skill content of jobs. The correlation between the latter and internet use has a different sign depending on whether the STEP or O*NET methodology is used. Accordingly, the same holds for the correlation between the age structure of the labor force and the routine cognitive content of jobs (although the relationship is not statistically significant when using STEPbased measures). Table 4 .
Drivers of the Trends in the Skill Content of Jobs, All Countries.
Note: OLS coefficients from a cross-country regression using the skill content of jobs (in first differences) as the dependent variable (multiplied by 100).
(1) (2) (3) (4) (5) (6) (7) (8) The results in Table 4 could be affected by the O*NET and STEP indexes not being appropriate measures for developing countries and developed countries, respectively. To overcome this limitation, we estimate the same equation using only the STEP indexes and restricting the sample to developing countries ( Table  5 ). The three main findings still hold in this sample. First, trends in the skill content of jobs are not related to economic growth or income levels once we control for other factors. Second, higher internet use is correlated with an increase in share of jobs intensive in non-routine cognitive skills, and with a decrease in the share of jobs intensive in routine tasks. Third, an increase in the exports-to-GDP ratio has exactly the opposite relationship than internet use has with the skill content of jobs. More precisely, the ratio is linked to a decline in the share of jobs intensive in non-routine skills, and with an increase in the share of jobs intensive in routine tasks.
These associations are also large in magnitude. An increase of 50 percentage points in the share of internet users -roughly the increase experienced by developing countries since the early 1990s -is associated with an increase in the non-routine interpersonal task intensity of jobs equivalent to about 5 percent of its standard deviation during the period. As a reference, such level is about a third of the increase experienced by Vietnam in this skill measure from 1992 to 2010. Accordingly, the same increase in internet use is associated with a decline in the routine cognitive intensity equivalent to 3.5 percent of its standard deviation, or 42 percent of the decline in this task measure experienced by Ghana since the 1990s. The role of exports, albeit statistically significant, is smaller in magnitude. An increase of about 7 percentage points in the ratio of exports to GDP -roughly the increase experienced by developing countries since the early 1990s -is associated with an increase in the routine cognitive task intensity of jobs equivalent to about 7 percent of the decline experienced by Vietnam in this skill measure. In other words, higher exports may have partially offset the de-routinization process. Table 5 .
Drivers of the Trends in the Skill Content of Jobs, Developing Countries Sample (STEP Index)
These findings could be driven by the fact that the level of development may be correlated with the speed at which the demand for skills and the adoption of new technologies take place. Poorer countries tend to grow faster, and thereby increase their human and physical capital faster than other countries as well. To analyze if this could be affecting the results, Table 6 controls for different non-parametric trends across income groups. The coefficients associated with internet access and exports are not significantly different to the ones from Table 5 . Moreover, the coefficients associated with changes in the sectoral structure of the economy continue to be statistically insignificant.
(1) (2) (3) (4) (5) GDP ( Table 6 .
Drivers of the Skill Content of Jobs, Developing Countries Sample (STEP Index). Controlling for Income Group Trends.
The finding that the share of working age population is not significantly correlated with the skill content of jobs is surprising given that in most countries the extent of lifelong learning institutions is limited, particularly in developing countries. Thereby it is expected that most of the skill upgrading in the labor force is driven by the new entrants. Table 7 explores this hypothesis by interacting the change in the working-age population share with the change in internet use. It shows that, in fact, the roles of demography and the adoption of digital technologies are only relevant when they take place simultaneously. In other words, only countries that experience both an increase in the share of the working age population and an increase in internet penetration simultaneously witness an increase in the non-routine cognitive skill content of jobs.
(1) (2) (3) (4) (5) GDP ( Note: OLS coefficients from a cross-country regression using the skill content of jobs (in first differences) as the dependent variable (multiplied by 100).
Robustness Check: The Role of the Agricultural Sector
One of the limitations of the STEP surveys is that they cover urban areas only, which leads to an underrepresentation of the agricultural sector. This could introduce a bias to our estimates if most of the changes in the task content of jobs is driven by a transition out of agriculture. To assess to what extent the exclusion of agriculture is driving the results, we re-calculate the O*NET-based indexes including the agricultural sector and occupations in the I2D2 data set. We then estimate the cross-country equations using these indexes. As seen in Table 8 and Table 9 , the results are very similar for both samples, as the magnitudes of the main estimated coefficients are very close. Thereby, the main findings do not seem to be driven by the exclusion of the agricultural sector.
( Note: OLS coefficients from a cross-country regression using the skill content of jobs (in first differences) as the dependent variable (multiplied by 100).
(1) (2) (3) (4) (5) (6) (7) (8) Table 9 .
Robustness Checks: Including Agricultural Employment, Developing Country Sample.
(1) (2) (3) (4) (5) (6) (7) (8) 
Robustness Check: Limiting the Sample to Countries with a STEP Survey
To assess if the imputation of task scores to countries beyond those covered by a STEP survey affects the results, we conduct a robustness check where we estimate the main equation using the original sample of countries with a STEP survey. Given that the number of observations is significantly smaller, we estimate more parsimonious specifications by replacing year dummy variables with decade dummy variables. In addition, we exclude GDP per capita (both in levels and changes) as control variables in the full model.
As seen in Table 10 , the estimated coefficients associated with internet use and exports have in general the same signs as those of Table 5 , although the latter are no longer statistically significant. Increased internet use is associated with increases (decreases) in the non-routine (routine) task intensity of jobs. Several other coefficients become statistically significant in this sample, but the number of observations is too small to draw conclusions. 
HOW DO MARKETS COPE WITH THE CHANGING DEMAND FOR SKILLS?
Changes in the demand for skills coming from trade and technology shocks can have disruptive effects in the labor market, especially when workers cannot easily move across occupations. There is a large body of literature showing that, even in developed countries with flexible labor markets, trade and technology shocks have significant impacts on employment levels (see, for instance, Autor, Dorn, and Hanson (2013) and Acemoglu and Restrepo (2017) ). In this section, we focus on the impact of ICT on employment rates and test the following prediction. Since ICT is more likely to replace routine tasks, countries where jobs are more intensive in these tasks would be more likely to experience a decline in employment as ICT adoption rises.
We first create an index bundling both routine cognitive and routine manual tasks into one. Then, we estimate the following equation:
The dependent variable ∆ , , −1 is the annual change in the employment rate from t-1 to t. The parameter of interest is × , which we expect to be negative.
The estimates in Table 11 show evidence consistent with the hypothesis that ICT has a negative impact on employment rates in countries where the stock of jobs is more intensive in routine tasks. The magnitudes of the coefficients are different across age groups, but there is no clear pattern since they also vary across specifications. The size of the effects is also relatively large. Our preferred estimate in column (2) for all age groups indicates that when internet penetration increases by 10 percentage points, employment rate growth is 2 percentage points lower in a country with a relatively high level of routine labor (Sri Lanka) with respect to one with a low level of routine labor (Argentina). 
CONCLUSIONS
This paper contributes to a growing body of literature investigating the skill content of jobs. While most articles impute US-based measures of the task content of occupations to other countries, we use harmonized data on the task content of jobs for 11 developing countries. We find that indexes based on the US and on developing countries lead to similar conclusions regarding the stock, changes and drivers of the non-routine cognitive and routine manual content of jobs. However, the former does not provide a close approximation of the routine cognitive and non-routine manual skill content of jobs. We also uncover three new stylized facts. First, while developed countries tend to have jobs more intensive in cognitive skills than developing countries, income (both in growth and levels) is not significantly associated with the skill content of jobs once other factors are accounted for. Second, while ICT adoption is linked to job de-routinization, international trade is an offsetting force. Last, ICT adoption is correlated with lower employment growth in countries with a high share of occupations intensive in routine tasks.
These findings have important policy implications. First, they question the implicit assumption that the task content of occupations is similar across countries. Thereby, they highlight the importance of making the data collection of the task content of occupations more systematic and frequent in the developing world. Second, the steady increase in the non-routine cognitive content of jobs in developing countries shows the importance of policies to improve educational attainment and quality so that labor supply can keep up with demand. Third, the fact that ICT adoption -rather than GDP growth per se -is strongly linked to the demand for non-routine cognitive skills highlights that the type -rather than just the magnitudeof economic growth matters for the quality of jobs. Fourth, while new technologies may increase the skills intensity of jobs on average, they can displace routine workers with limited capacity to find another job. This highlights the importance of social protection systems, of reducing the barriers to job mobility and of strengthening lifelong learning systems to facilitate the process of finding a new job and protecting the incomes of displaced workers during a technological shock. 
APPENDIX 1: I2D2 COUNTRY-YEAR COVERAGE
CROSS-SECTIONAL COMPARISONS
In general, both STEP and O*NET measures lead to similar conclusions regarding which occupations have a higher intensity in non-routine analytical and interpersonal as well as routine manual tasks, as shown by the positive correlation between them ( Figure A2 1) . In other words, the occupations with a high content of these tasks tend to be the same in the US and in developing countries. The correlation between the routine cognitive task content of occupations also tends to be similar across occupations in the US and developing countries, although to a lower extent. In contrast, large differences emerge when comparing the non-routine manual content of occupations. Except for the Philippines, in most countries the correlation coefficients are either small or negative.
These findings are consistent with those of existing studies that rely on a more disaggregated classification of occupations. For example, Messina, Pica, and Oviedo (2014) find that the task content of occupations is similar between the US and Latin America with respect to abstract and routine tasks (with a correlation coefficient of around 0.5 to 0.6). In contrast, the manual content of occupations is more heterogeneous across countries. They arrive to these conclusions while using between 6 and 10 times the number of occupational categories of our study. Although the skills' definitions are not strictly comparable, these results are also consistent with those of Dicarlo et al. (2016) , as they find that the non-routine cognitive content of occupations is similar between developing countries and the US. They arrive to this conclusion using a much more disaggregated occupational classification. 5 5 In contrast, they find that the non-routine interpersonal content of occupations, while positively correlated to that of the US, it is much weaker than suggested by our findings. However, this could be explained by the fact that the variables that we use to construct the non-routine interpersonal index is more like that of Autor and Handel (2013) than the one used by DiCarlo et al. (2016) . 
TRENDS
The cross-sectional differences between the skill content of jobs according to O*NET-and STEP-based indexes leads to different trends as well. Figure A2 2 illustrates the cases of Bolivia, Ghana, Sri Lanka and Vietnam, as the data for these countries cover a period (roughly 25 years) long enough to capture trends. As expected, the evolution of the non-routine analytical and interpersonal as well as the routine manual task content tends to follow the same pattern according to both STEP and O*NET indexes and are consistent with the process of job polarization. An important difference exists with respect to the nonroutine manual content of jobs, which increases in every country according to the STEP-based measures -which is consistent with job polarization -but it fell over time according to O*NET (except for Ghana). Discrepancies between the two indexes are driven by the fact that for the STEP-based index, occupations intensive in non-routine analytical tasks also tend to be intensive in non-routine manual tasks, the opposite holds for O*NET-based measures. For example, while managers tend to use relatively more nonroutine manual tasks than other occupations according to the STEP indexes, they are one of the occupations with the lowest non-routine manual scores according to the O*NET-based index ( Table A2 1 and Table A2 2 illustrate the sources of these discrepancies by analyzing specific examples of detailed occupations in Bolivia and Vietnam. In both countries, chief executives, senior officials and legislators have the highest levels of non-routine analytical and interpersonal skills at work, in terms of reading, using math, supervising, creativity and contacts with clients. At the same time, they are more likely to drive and operate a vehicle while at work, which is one of the components used to measure nonroutine manual tasks. Accordingly, electrical workers, whose jobs seemed to be relatively intensive in reading and math, are also more likely than other workers to carry out non-routine manual tasks such as repairing.
Two forces may help explain the differences in the evolution of the non-routine manual content of jobs. First, workers performing non-routine cognitive tasks in developing countries may also be more likely than other workers to own assets -such as cars -required to carry out non-routine manual tasks. Second, differences in the use of non-routine analytical skills within middle-skill occupations such as electricians and machine operators may be larger in developing countries than in developed economies when compared to the average job. Low-tier jobs in developing countries may be relatively less intensive in both non-routine cognitive and manual tasks when compared to low-tier jobs in developed countries. This is consistent with occupations being less specialized in developing countries.
-.5 0 Measures of the skill content of jobs may also be affected by the level of disaggregation of the occupational classification. Ideally, one would like to have access to the most disaggregated level possible -i.e. three or four digits -to maximize the accuracy, but this is not feasible when trying to make the measures comparable across many countries as in this paper. To investigate if the level of aggregation is driving our results, we compare our 1-digit measures to those coming from country-or region-specific studies that rely on more disaggregated occupational classifications. Concerns would arise if changes in the skill content of jobs are substantially different when using a disaggregated occupational classification. 
Trends by the Level of Disaggregation
Source: O*NET 1-digit and STEP 1-digit are the measures estimated in this paper. O*NET (disaggregated) comes from different sources. Apella and Zunino (2018) for Latin America and Europe and Central Asia (standard employment); Górka et al. (2017) for the European Union; Mason, Kehayova, and Yang (2018) for East Asia; Winkler (2018) 
